Many citizen science projects deal with high attrition rates. The Dutch Great Influenza Survey is an exception to this rule. In the current study, we conducted an online questionnaire (N=1610) to investigate the motivation and learning impact of this loyal, active participant base. Results show that the desire to contribute to a larger (scientific) goal is the most important motivator for all types of participants and that availability of scientific information and data are important for learning. We suggest similar projects seek (social) media attention regularly, linking project findings to current events and including the importance of participants' contribution.
Introduction
Citizen science, the involvement of citizens in the scientific process, is a growing practice [Bonney et al., 2009a; Silvertown, 2009] . Especially with increased use of technologies like the internet and smartphones, it is easy for the public to get involved in collecting or analyzing scientific data. However, the majority of participants contribute sporadically, or even quit after a short period of participation [Nov, Arazy and Anderson, 2014; Sauermann and Franzoni, 2015; Theobald et al., 2015] . The bulk of the work for many projects is done by a small percentage of active participants. Interestingly, the Great Influenza Survey, a Dutch citizen science project in which participants report their (lack of) flu-like symptoms, is an exception to this trend. Dutch flu-reporters appear to be very loyal and contribute data on a weekly basis. In order to gain a better understanding of the reasons why people participate in citizen science and especially what motivates them to stay with a project, we studied the GIS project and looked at participants' motivation and self-reported learning impact.
Citizen Science
In most citizen science (CS) projects, citizens participate by contributing to data collection or analysis. To illustrate, many countries have yearly bird counts (e.g. Audubon Society's Christmas Bird Count), and other data collection projects invite the public to gather data on invasive species, water quality, or the weather [Bonney et al., 2009a] . Scientists benefit from the involvement of citizens in scientific research because this way they can gather large amounts of data from a wide geographical area.
Involving citizens in data analysis is beneficial in cases where the human eye is better in analyzing specific information than computers are. Examples of CS projects where the public is involved in data analysis are Galaxy Zoo and other Zooniverse projects [Reed et al., 2013] , where citizens help scientists by analyzing telescope images of galaxies, by looking at images of animals in the Serengeti or by transcribing old museum records. The recent inaugural conference of the Citizen Science Association in February 2015 demonstrated that CS projects exist in many different subject areas including ecology, astronomy, psychology, biology, and health.
The growth of CS can partly be contributed to technological advances Silvertown, 2009] . Online citizen science, also called virtual citizen science , makes it easier for citizens and scientists to communicate with each other, to record observations, and to provide the data that needs to be analyzed. Smart phones are often used to record data , and have even been turned into scientific measurement devices [Land-Zandstra et al., 2015] . It has never been easier to become a citizen scientist when you can use a laptop at your kitchen table, or your smartphone on your way to work to collect or analyze CS data.
Scientific Literacy
Besides benefits for the scientific community, another goal of CS is to increase scientific literacy among participants [Bonney et al., 2009a; Riesch, Potter and Davies, 2013] . By their participation in CS, citizens can learn about scientific concepts, the scientific process and even change their attitudes and behaviors [Bonney et al., 2009a] . In this way, CS projects can be regarded as a form of science communication or informal science education. Especially contextual knowledge of scientific concepts, i.e. the scientific topics of the project, can increase through participation in CS projects, while attitudes towards science and behavior are more stable [Brossard, Lewenstein and Bonney, 2005; Crall et al., 2012; Cronje et al., 2011; Trumbull et al., 2000] .
Engagement
Presumably, a more engaged citizen scientist is more likely to experience an increase in scientific literacy than a one-time contributor [Fredricks, Blumenfeld and Paris, 2004] . Loyal participants are also in the interest of scientists: when participants show up for training sessions, gather and report data regularly, and stay with the project for longer amounts of time this improves the amount and quality of the scientific output [Nov, Arazy and Anderson, 2011b; Riesch and Potter, 2014 ]. In the current study, we aimed to gain insight in these behavioral aspects of participant engagement, measured in terms of their frequency of contribution, the duration of participation, and their activity on other parts of the project such as reading the newsletter, interacting on the forum or social media and consulting the data.
However, CS projects, especially virtual citizen science projects, experience high attrition rates [Nov, Arazy and Anderson, 2014; Sauermann and Franzoni, 2015; Theobald et al., 2015] . Most people only contribute once and the majority of the contributions is often done by a small portion of contributors [Sauermann and Franzoni, 2015] . In a study of seven online CS projects, the top 10% of contributors in terms of the amount of hours they put into the project provided 79% of all contributions [Sauermann and Franzoni, 2015] .
Still, Eveleigh et al. [2014] emphasize the importance of all levels of contributors. Even if most of the work is being done by the "super-volunteers", projects also benefit from the efforts of "dabblers", people who contribute intermittently on a non-regular basis. For example, a large turnover of participants may prevent people from going on auto-pilot and making mistakes. In addition, "dabblers" can be positive ambassadors for the project and may even turn into more engaged participants in the future.
Motivation
In light of high attrition rates it is important to gain understanding of what motivates people to participate in CS projects and especially what motivates them to stay with a project [Eveleigh et al., 2014; Nov, Arazy and Anderson, 2011a] . Previous studies have revealed different types of reasons for people to participate in CS projects [Chu, Leonard and Stevenson, 2012; Curtis, 2015; Evans et al., 2005; Land-Zandstra et al., 2015; Nov, Arazy and Anderson, 2014; Raddick et al., 2010; Reed et al., 2013; Rotman et al., 2012; Socientize, 2013] . Many participants become involved because they are excited to contribute to real scientific research or to an important cause such as the environment or health. Others are motivated because they find the topic of the project (e.g. birds, galaxies) interesting, or the activities fun. Some people see CS projects as a learning opportunity. Finally, people may join CS projects because they like to get in touch with people with the same interests and become part of a community. This social interaction can happen physically, through meetings, training and information sessions, or virtually through blogs and forums.
Instead of looking at motivation for CS as a static concept, several scholars have proposed to also consider how motivation changes over time and with different levels of contribution [Crowston and Fagnot, 2008; Eveleigh et al., 2014; Rotman et al., 2012] . For example, Rotman and colleagues [2012] use their citizen science involvement framework to show that new participants generally have egocentric motives to participate, where later on they are driven more by the desire to increase welfare of others. This framework is based on Batson et al.'s [2002] four categories of motives for involvement: (1) egoism, the goal to increase personal welfare; (2) altruism, the goal to increase someone else's welfare; (3) collectivism, the goal to increase a group's welfare; and (4) principlism, the goal to act in accordance with one or more moral principles. Similarly, Crowston and Fagnot [2008] suggest that initial contributors are mainly driven by a curiosity about the project, while sustained contributors are also motivated by social obligation, shared ideology with the project, and intrinsic factors such as a feeling of satisfaction about their contribution.
Learning impact
Many citizen scientists are interested to learn about the project's scientific topic, but are less motivated to learn about the scientific method [Brossard, Lewenstein and Bonney, 2005; Cronje et al., 2011; Jordan et al., 2011] . Previous studies have shown that CS projects can have an impact on both learning processes -albeit with varying success [Bonney et al., 2009a; Brossard, Lewenstein and Bonney, 2005; Crall et al., 2012; Druschke and Seltzer, 2012; Evans et al., 2005; National Research Council, 2009; Riesch, Potter and Davies, 2013; Trumbull et al., 2000] . How much a participant learns from a CS project depends on factors such as the level of interaction between the scientific staff and the participant, and how clear it is made to participants how their contributions relate to the scientific process Evans et al., 2005] . In order to develop CS projects that can have an impact on the public's knowledge of the scientific topic and method, it is important to gain insight into how people learn from these projects.
The Great Influenza Survey
The Great Influenza Survey (GIS; "de Grote Griepmeting" in Dutch) is a Dutch CS project that started in 2003. Every year, thousands of people from the Netherlands and Flanders, the Dutch-speaking part of Belgium, report their symptoms to a central database. These symptoms are used to determine the rate of common cold and influenza-like illness (ILI) according to strict symptomatic criteria developed in collaboration with scientists [Marquet et al., 2006] . Data are available almost real time in maps and graphs on the project's website. Modelled after the Dutch project, several other countries worldwide have adopted similar projects [van Noort et al., 2015] .
Systems like this that survey illnesses online through reports from the general public are also called "internet-based participatory surveillance" [Paolotti et al., 2014; Vandendijck, Faes and Hens, 2013; Wójcik et al., 2014] . Wójcik et al. [2014] reviewed that all of these participatory surveillance systems show a great similarity with national sentinel networks where general practitioners report influenza cases. Indeed, Dutch GIS data follow an almost identical course as the Dutch Sentinel Practice Network, with peaks in the same weeks [Marquet et al., 2006] . However, the GIS peaks are much higher on average, showing an incidence rate around five times higher than the sentinel networks. The proposed explanation is that data from GP sentinel networks mostly capture young children and the elderly, groups that are more likely to visit the doctor with flu-like symptoms, while GIS receives data from a broader group of people who might not all visit the doctor when they have symptoms [Marquet et al., 2006] .
Besides the goal of providing a surveillance system for ILI, GIS was explicitly developed with an educational goal in mind. The developer (CEK) wanted to use an interactive science activity to make scientific information available to a broad public and to increase participants' interest in science. This goal is apparent in the ways that GIS recruits participants, keeps participants up to date, and communicates to the general public.
Participants are recruited through press releases, direct mailings to schools and universities and coverage of the project in popular media. Participants register by completing an in-take questionnaire asking them about demographic information, daily behavior (e.g. transportation, work), household composition, and pre-existing conditions (e.g. asthma). After registration, participants receive a weekly e-mail asking them to report their symptoms or the lack thereof. These e-mails contain a newsletter with flu-related news articles written by professional science journalists. The website provides participants as well as others who are interested access to the data through maps, graphs and tables. Throughout the season, program organizers try to increase curiosity and visibility by issuing press releases, showing up in local and national media and through their presence on social media platforms. These efforts have resulted in a participant base of around 12,000 participants each year, completing around 9,000 surveys weekly during the flu season (November-May). Participants are very loyal, with most people completing their survey almost every week.
Objective
Eveleigh et al. [2014] point out that motivation to participate may vary among different levels of contribution. Participants who sporadically submit data or analyze images, may have different types of motivation than people who contribute to a project on a regular basis. In addition, other scholars have proposed that motivation may change over time, as described above [Crowston and Fagnot, 2008; Rotman et al., 2012] . Crall et al. [2012] suggest that CS projects may attract a self-selected group of people who already possess advanced knowledge about science, which makes it harder to measure change over time. Looking at groups with different levels of previous experience with scientific research or citizen science may show differences.
Therefore, the purpose of the current study was (1) to identify primary motivations of this active and loyal population of Great Influenza Survey participants; (2) to evaluate their self-reported learning impact; (3) to measure their knowledge about the flu and the project; (4) to gain insight in the differences in motivation and learning between new and sustained contributors and (5) between more and less engaged contributors; and (6) to gain insight in differences in motivation and learning impact between contributors with and without previous experience with (citizen) science.
Methods

Data Collection
An online survey was conducted in February and March of 2014 consisting of around 40 multiple choice and Likert-scale questions about several topics: demographics, previous experience, engagement in the project, motivation, perceived learning impact and knowledge of flu and the project (see S1 for a complete list of questions). The questionnaire was similar to the questionnaire of a previous study with a different CS project [Land-Zandstra et al., 2015] , with questions about motivation partly based on the list of motivations of Galaxy Zoo participants . Furthermore, respondents' knowledge of flu and the project was measured with true/false statements, similar to [Brossard, Lewenstein and Bonney, 2005] . All Likert-scale questions were measured on a 5-point scale ranging from not at all applicable (1) to totally applicable (5). One limitation of this data collection method is that it results in self-reported data about motivation and learning impact. This could have introduced some bias to our data [Jensen, 2014] . However, when direct measurement of these constructs is impossible, many CS studies have used self-reported data collection methods as a second best [Bonney et al., 2009a; Brossard, Lewenstein and Bonney, 2005; Crall et al., 2012; Raddick et al., 2013; Reed et al., 2013; Trumbull et al., 2000] .
Respondents were recruited through an invitation in the weekly newsletter of the Great Influenza Survey and through the Facebook page of the project. A reminder was sent four weeks after the initial invitation, doubling the response to 1771 people. With around 12,000 registered flu reporters, this resulted in a response rate of 15%. This rather low response rate [Cook, Heath and Thompson, 2000] could be caused by the fact that the questionnaire was conducted late in the flu season and that the 2013-2014 season showed a low flu incidence rate. However, comparison of demographic data showed that this sample is typical for the entire population of flu reporters (see below). After cleaning up the data file and removing respondents who had not completed the entire questionnaire, a sample of 1610 respondents remained.
Participants
Of our sample, 63 percent were female, which was comparable to the entire population of flu reporters (56% female). In our sample, the average age was 57 with a range from 20 to 92. The age distribution of the sample was similar to the age distribution of all flu reporters ( Figure 1 ). However, both the project as a whole and the current study have a rather low response rate in the age group below 30 years old, while the age groups between 45 and 74 are overrepresented. In terms of daily routine, the largest group of respondents are retired (30%), followed by full time (25%) and part time employees (20%). Compared to the entire Great Influenza Survey population, retired people are overrepresented and people with jobs are underrepresented ( Figure 1 ). The distribution of education levels of study participants and the GIS population are quite similar ( Figure 1 ). More than half of all respondents have finished either a bachelor's or a master's degree.
For 56% of respondents this project was the first time they joined a CS project. Respondents who did have previous CS experience, reported projects such as the national yearly bird count, other surveillance systems (pneumonia), or distributed computing projects. In addition, 61% of respondents had previous experience with scientific research, either as a researcher, student or volunteer. In terms of previous experience with science in their daily lives, most respondents reported to read news items about science (M = 4.05, SD = 1.05; on a 5-point Likert scale) and to watch TV shows about science (M = 3.88, SD = 1.06). Other activities such as going to scientific lectures (M = 2.57, SD = 1.46), following science news on social media (M = 2.61, SD = 1.42), and donating money to scientific research (M = 2.76, SD = 1.43) were uncommon. Some people read science magazines (M = 2.93, SD = 1.45) and agree that they use scientific knowledge in their daily lives (M = 3.35, SD = 1.31). 
Data Analysis
Data were analyzed descriptively to determine characteristics of the GIS sample. In addition, principal component analysis (PCA) was performed to determine if the motivation data could be grouped together in a few components. Differences among groups were analyzed using correlational analyses (Spearman Rho since Kolmogorov-Smirnoff analysis determined that most data were not normally distributed), t tests and analyses of variance (ANOVA). All significance levels were set at α = .05 unless stated otherwise. Analyses were performed using SPSS version 21.
Results
Engagement in the Great Influenza Survey
During the flu season from November 2013 until May 2014, flu reporters were invited to report their flu symptoms or the lack thereof. Of all respondents, over 82 percent self-reported to submitting their symptoms on a weekly basis. Sixteen percent completed the survey a few times a month and only two percent of respondents completed the survey less than once a month (Figure 2 ). These numbers are similar to the actual activity on the Great Influenza Survey, measuring 73% of participants who completed the survey more than twenty times during the season of 2013-2014 (29 weeks of surveying) and 68% of flu reporters whose completed surveys were less than nine days apart. In addition, the majority of this study's respondents had been participating in the project for several years. Sixteen percent joined at the start, eleven years prior to the current study, 27% had been part of the project for five to ten years, 52% joined two to five years ago, 2% had been involved for one year and for 3% this was their first season. 
Motivation
Motivation to participate was measured through a list of 13 Likert-scale statements asking about the importance of each motivator and one question where respondents had to pick the most important reason. The most important reasons were contribution to knowledge about flu (38%), contribution to science (19%) and contribution to the GIS project (16%). Least important reasons were learning about flu (0.7%), interest in flu (0.6%) and use in school (0.2%).
Principal Component Analysis was performed on the Likert-scale items about motivation. PCA revealed three components with eigenvalues greater than one (Kaiser's criterion) which were labeled contribution, interest in science, and self-interest, explaining 40%, 14%, and 9% of total variance respectively. All three scales show good reliability (0.79, 0.80, and 0.74, respectively; [Kline, 1999] ). Table 1 shows that contribution scored highest (M = 4.59; SD = 0.57) followed by interest in science (M = 4.15; SD = 0.68) and self-interest (M = 3.62; SD = 0.84). Women scored significantly higher on all three scales (t(995) = 2.96, t(1094) = 3.69, t(1608) = 3.91, ps < .01). In addition, older people scored slightly higher on the contribution scale (r s = .088, p < .01) and the interest in science scale (r s = .073, p < .01).
Learning Impact
Respondents indicated on a 5-point Likert scale if they thought they had learned something through their participation in the GIS project. They agreed to having learned about the GIS project itself (M = 4.02; SD = 0.86), flu (M = 3.86; SD = 0.98), epidemics (M = 3.70; SD = 0.98), science (M = 3.34; SD = 0.97) and their own health (M = 3.25; SD = 1.10). Men were significantly more inclined to agree to having learned about the flu than women (t(1285) = 2,46, p < .05). No other differences existed between genders. Older respondents were more likely to report a learning impact on knowledge about science, the GIS project, and epidemics (r s = 0.12, r s = 0.09, r s = 0.08, ps < .01).
We also determined respondents' knowledge about the flu and about the GIS project with a series of true/false statements (20 and 12 questions, respectively, see Table 2 ). On average, respondents answered 90% of the questions correctly, with 92% on questions about the project and 89% on questions about flu. No significant differences existed between men and women. Significant correlations existed between age and number of correct answers. Older people tended to score lower on knowledge about flu, knowledge about the project, and total knowledge (r s = 0.15, r s = 0.21, r s = 0.22, p s < .001).
Duration of participation
ANOVA analyses were performed to determine if differences existed among groups of people with a different duration of their participation in the project (see Table 3 for significant results). Respondents indicated the duration of their participation through the following categories: first time participants, 1 year, 2-5 years, 5-10 years, from the start (see S2 for a frequency distribution of the sample). First, in terms of knowledge, no significant differences existed between duration groups. However, we did find significant differences among groups in terms of self-reported learning impact on knowledge about flu and about epidemics. Respondents who were part of the GIS project from the beginning were significantly more likely to report having learned about flu than respondents who were participating for the first year. Similarly, respondents from the groups 2-5 years, 5-10 years, and since the beginning all scored higher on learning about epidemics than first-year respondents. Post hoc analyses showed that respondents who joined the project from the start scored significantly higher on both contribution and interest in science as motivating factors than first time participants. 
Levels of engagement
Besides looking at different duration of respondents' participation, we also analyzed differences across levels of engagement. We determined levels of engagement in terms of the frequency of data submission of the respondents, the frequency of data consulting, and how often they used the newsletter, the website, the forum, and social media to get information about the flu and about the project (see S3 for frequency distributions of the sample). Table 3 shows the significant results for all comparisons.
First, we looked at levels of data submission: less than once a month, once a month, 2-3 times a month, weekly. Respondents who submitted data 2-3 times a month or weekly scored significantly higher on contribution as a motivating factor than respondents who contributed less than once a month. There were no significant differences with regard to self-reported learning impact. However, there were significant differences with regard to knowledge about flu and about the project. Post hoc analyses revealed an interesting pattern. Respondents from the 2-3 times a month group scored higher than respondents from once a month group and the every week group. This pattern decreased, but remained when controlling for age as a confounding variable.
Second, we looked at differences across levels of data consulting: never, a few times a year, every month, every week. Significant differences existed across the four levels of data consulting on scales interest in science and self-interest. Post hoc analyses showed that respondents who consulted data more often, scored higher on the interest in science scale, with all but the difference between a few times a month and monthly and between monthly and weekly being significant. Data for the self-interest scale showed a similar trend with significant differences between the weekly group and all other groups.
The self-reported learning impact showed similar trends across the four levels of data consulting for all topics with practically all differences being significant. Overall, respondents who consulted data more often also reported higher learning gains. With regard to knowledge scores across the same four levels of data consulting, people from the a few times a year group scored higher than all other groups. Controlling for age resulted in a similar pattern, albeit with smaller differences.
Third, we determined if relationships existed between actively looking for information and motivation, learning impact and knowledge. A combined variable for information seeking consisted of reading the newsletter, looking up other information on the project's website, interacting on the project's forum and reading the project's Facebook page, ranging from 0 (never) to 6 (extensively). With regard to their motivation, people who looked at information from the project more often, tended to score higher on all three categories of motivation: interest (r s = .26, p < .001), self-interest (r s = .16, p < .001) and contribution (r s = .12, p < .001).
In addition, significant relationships existed between information seeking and self-reported learning impact for all five topics. People who were more active in finding information in the newsletter, on the website, the forum and the Facebook page, reported to having learned more. Surprisingly, information seeking did not correlate with the scores on the knowledge questions.
Prior Experience
As Crall et al. (2012) suggested, CS projects may attract a self-selected group with previous knowledge and experience with CS or with scientific research, making it harder to determine a learning impact over time. Therefore we looked at differences between respondents who did have experience with scientific research and CS and respondents who did not have these experiences (see S4 for frequency distribution of the sample; see Table 3 for significant results). First, chi square analysis showed that people with experience in scientific research more often picked contribution to scientific research as the most important reason for participation (χ 2 (14, 1610) = 60.96, p < .001). They picked contribution to the GIS project and because it is fun to do less often as the most important reason. In addition, respondents with experience in scientific research scored significantly higher on the interest in science scale for motivation and significantly lower on the self-interest scale. In terms of self-reported learning impact, respondents with previous experience with scientific research learned significantly less than respondents with no previous experience on all topics except flu. Similarly, people with experience in scientific research scored higher on the knowledge questions than people without research experience.
Second, respondents who had previous experience with CS scored significantly higher on the interest scale than people without CS experience. Respondents with CS experience self-reported to having learned more about the GIS project than people without CS experience. No significant differences existed between these groups in terms of knowledge about the flu and about the project.
Discussion
As many CS projects show high attrition rates and low activity of the majority of participants, it is important to learn more about what motivates people to join a CS project and to stay with it. In this study, we looked at motivation and learning impact of participants of the Dutch Great Influenza Survey, a project with a loyal and active participant base. We found that most participants were primarily motivated by the desire to contribute (to knowledge about flu, to science). Although learning is one of the least important reasons for participation, respondents believed they learned something through their participation about the project itself and about the relevant health topics (flu, epidemics). The majority of participants had a good basic knowledge about flu and about how the project worked. Looking at different levels of duration, engagement and prior experience, first we found that people who had been part of the project for a longer period of time were more motivated by the opportunity to contribute to science and by an interest in health and science. They also reported a larger learning impact about flu and epidemics. Second, people who were more actively involved in the project through consulting of the data and accessing information through the project's newsletter and website showed larger motivation and learning impact. Third, people with previous experience in scientific research showed higher scores for interest in health and science as a motivator and lower scores for self-interest (doing it for their own good or just for fun).
Motivation
Clearly, contribution was a major motivator for participants of the GIS project. Reasons related to contribution were more applicable to the participants than reasons related to interest (in flu, health, the project) or self-interest (record own health, fun activity). In particular, when respondents had to pick the most important reason, contribution to knowledge about health, to science, and to the project were the top motivators. These findings are in line with many other studies of CS projects [Curtis, 2015; Dickinson et al., 2012; Land-Zandstra et al., 2015; Newman et al., 2012; Nov, Arazy and Anderson, 2011b; Nov, Arazy and Anderson, 2014; Raddick et al., 2013; Reed et al., 2013] . However, although reasons such as enjoyment of the activity and social engagement can be important reasons for participation in other CS projects [Dickinson et al., 2012; Jennett et al., 2013; Reed et al., 2013; Tinati et al., 2015] , they were not particularly important to GIS participants. Possibly, the type of project makes a difference here. Participating in the GIS is something that can be easily done individually, without any interaction with fellow participants. Unlike projects that include going outdoors to explore and record observational data in nature, here, the activity itself, i.e. filling in a short survey, is not necessarily enjoyable in its own sake. There are other (virtual) CS projects that report a solitary experience as preferable for participants [Eveleigh et al., 2014] .
Another interesting finding is that GIS was able to attract many people without previous experience with scientific research, citizen science, or science activities in their daily lives. This finding suggests that a CS project like GIS is able to get people in touch with science, contradicting previous findings that CS participants may be a self-selected group with previous experience with and interest in science . One way the GIS project reaches out to current and potential participants is by appearing frequently in mainstream media and by having a well-known science communicator serve as the ambassador of the project (CEK). In some other countries who have adopted the same project (internationally called Influenzanet 1 ), the scientists leading the project are having trouble reaching the general public. In 2006, in Portugal for example, directly after a lecture by a science communicator and an appearance in a television talkshow by the lead organizer, the number of participants increased substantially. The importance of (social) media presence is also clear from the success of the Australian project Flutracking. 2 In this project, that is funded by the Commonwealth Department of Health, media releases, social media and word-of-mouth are important channels to reach new participants [Dalton et al., 2015] . Flutracking in Australia has similar loyal participants to the Dutch GIS project with on average 24,000 of the 27,000 participants responding each week. A more in-depth and systematic evaluation of all these different flu tracking projects is needed to reveal specific factors that contribute to their success, including media attention, the topic of flu, weekly reminders, and cultural differences.
Learning Impact
Although most participants did not join the GIS project with the goal to learn about flu or science, they did agree that they learned something about the project, about flu, epidemics, science, and their own health. These findings underline the idea that CS projects can play a role in science learning of the general public [Bonney et al., 2009b; Brossard, Lewenstein and Bonney, 2005; Crall et al., 2012; Evans et al., 2005; National Research Council, 2009; Riesch, Potter and Davies, 2013; Trumbull et al., 2000] .
In addition, participants scored high on knowledge questions about flu and about the project. Unfortunately, no baseline information was available in this study to determine if these high scores were the result of a learning effect. However, we were able to compare scores for different groups of participants in terms of learning impact as well as motivation.
Differences among groups
Duration. First, we looked at groups of participants who had been part of the project for different amounts of time. People who had joined the project from the start, eleven years before the moment of this study, scored significantly higher on contribution and interest in science than first-time participants. Although we did not collect data longitudinally to determine change in motivation, the fact that long-time participants are more motivated by a drive to contribute to a bigger cause is in line with the framework of Rotman et al. [2012] . However, contribution was the most important motivator for the entire sample, including beginning participants. In addition, self-interest was the least important reason for the entire sample, and there was no significant difference between long-term versus short-term participants. These findings may indicate that a trend as proposed by Rotman et al. [2012] is absent in this project. However, we need to be careful when interpreting these differences among groups. Instead of a change over time, people who are more motivated or whose interests and ideas align with the GIS project may be the participants who stay with it longer [Crowston and Fagnot, 2008] . Longitudinal data needs to be collected in order to determine how motivation of GIS participants develops over time.
We also found that participants who had been part of the GIS project for longer reported a larger learning impact about flu and epidemics than beginning participants. However, measured through the knowledge questions on the questionnaire, understanding about flu was high for all groups. Longer-term participants have gone through several flu seasons, including the swine flu pandemic during the season 2009-2010. During each season they have experienced different types of flu trends with accompanying explanations and reports in the newsletter, on the website and through other media outlets. This may have added to the perceived impact on their knowledge and understanding about flu and epidemics. The questions on the questionnaire measuring participants' level of understanding of flu may have resulted in a ceiling effect, making it difficult to measure a difference among duration groups. In addition, we cannot be sure if the high knowledge scores of all participants were caused by their involvement with GIS. Because learning about science is an important goal of many CS projects, it is important to incorporate the collection of baseline data within the project design, for example at registration [Druschke and Seltzer, 2012] . This will make the collection of longitudinal data possible at a later time, which in turn will help determine the impact of CS projects.
Engagement. Second, we looked at different levels of engagement to see if more engaged participants showed different motivation and learning impact than participants who were less engaged. Eveleigh et al. [2014] state that intrinsically motivated participants are more likely to engage in more in-depth or varied CS activities. However, in the GIS project there is one type of data contribution, i.e. submitting the weekly survey about flu-like symptoms. Ways for flu-reporters to get more engaged in the project are through consulting the data online, through looking at information in the newsletters or the website and by interacting through the forum and Facebook.
Participants who were more active in submitting their weekly surveys scored higher on contribution as a motivator, but not on interest in science or self-interest. Although we cannot conclude that the type of motivation is the cause for a larger contribution to the project, this finding underlines again the importance for participants to know that they are contributing to a real cause [Land-Zandstra et al., 2015; Nov, Arazy and Anderson, 2011b; Raddick et al., 2013; Reed et al., 2013] . There were no differences in learning impact among different levels of data submission. However, knowledge scores showed a peak for people who submitted data two to three times a month compared to people who submitted data once a month or on a weekly basis. Although, older people were underrepresented in this group, increasing the average knowledge score, this pattern remained after controlling for age. Possibly, people who submit data every week have developed an automatic response and make a less conscious decision to submit data resulting in lower knowledge scores.
We also looked at different levels of engagement in terms of how often participants consulted the data on the website. Many CS researchers mention the importance of feedback of CS results to the participants [Bonney et al., 2009b; Cooper et al., 2007; Devictor, Whittaker and Beltrame, 2010; Eveleigh et al., 2014; Nov, Arazy and Anderson, 2014; Silvertown, 2009 ]. In our sample, about half of the participants consulted the results of GIS online on a regular basis (monthly or weekly), and only ten percent did not look at the results at all. People who were more active in consulting the data reported a larger learning impact. The fact that data are available in many different formats (tables, figures, maps) and that users can choose many different aspects of the data that were collected (demographics, activity levels, spread of the flu epidemic over the country, comparing different countries, different seasons) may add to the learning impact. In addition, in terms of motivation, interest in science and self-interest as motivating factors were higher for groups of participant that consulted the data more often while no difference was found for contribution. Possibly, participants who are interested in flu, the science behind the flu, and the project itself, are more likely to look up results that contribute to these interests. In addition, people who are interested in their own health record will probably look at the results more often. Knowledge scores were significantly different among groups with different levels of data consulting. Interestingly, participants who consult data a few times a year scored higher than all other groups, even the groups that consult data monthly or weekly. Although age did have some influence, the pattern remained after controlling for age. More in-depth research is needed to explain these findings.
Levels of engagement were also determined in terms of information-seeking behaviour. Participants who were more active in accessing information about flu and the project through the newsletter, the internet, the forum and social media scored higher on all three scales of contribution and on all five topics of learning impact than participants who were less actively looking for information. Apparently, these people were more enthusiastic about the project on all aspects and put more effort in learning about flu and the project. However, no significant differences existed in knowledge scores among these groups, possibly caused by a ceiling effect.
Prior experience. Third, we looked at differences in learning impact and motivation between groups with and without prior experience in scientific research and citizen science. Participants who had prior experience in scientific research, either as a student, as a career, or as a volunteer more often picked contribution to scientific research as the most important reason and less often picked because it is fun. Apparently, participants with experience in scientific research were more serious about their participation in another scientific study. Possibly, they are able to appreciate the importance of contribution of data to a scientific study. In addition, participants with experience in research reported a lower learning impact than people with no experience. Possibly, because of their prior involvement in (health) research they do not expect to learn a lot from a CS project. Their knowledge was significantly higher than the knowledge of people without research experience.
Prior experience in CS was not associated with many other variables, except for interest in science as a motivator and the learning impact about the GIS project. This latter finding corresponds with Eveleigh et al.'s [2014] suggestion that first time users are more driven by curiosity than sustained participants. This may explain why first time CS participants are more likely to agree that they learned something about the project.
Implications
Just as for many other CS projects, the desire to contribute to scientific research and to knowledge about flu appeared to be a major motivator in this study [Dickinson et al., 2012; Land-Zandstra et al., 2015; Newman et al., 2012; Nov, Arazy and Anderson, 2011b; Nov, Arazy and Anderson, 2014; Raddick et al., 2013; Reed et al., 2013] . This makes it key to address contribution as a motivating factor in all aspects of the project and to all participating groups. To attract new participants, messages should include the importance of their contribution to science. But also for sustained participants, it should be clear that their continued contributions are valued.
In the GIS project this is done through mentioning the participants' contribution in many of the press releases and media outlets. At the start, but especially during, the flu season, GIS organizers send out regular press releases about the flu and how the projects' data can help interpret the course of the flu. Those press releases always include the contribution of flu-trackers. An interesting comparison can be made with a flu-tracking project in the United States called Flu Near You, 3 where the project is framed as a way to know when the flu is present in your area, a more egocentric message than GIS's emphasis on the contribution that participants are making to knowledge about flu and to science in general. In light of our findings that participants are more motivated by altruistic than egocentric reasons, the difference in the framing of the message may explain purported low attrition levels of Flu Near You participants. However, we should be very cautious with these kinds of comparisons, and further research is needed to substantiate them.
In addition, the accumulated data of all GIS participants are available on the website of the project. Participants are able to see how the work of all participants is contributing to an understanding of flu trends through the Netherlands and Flanders and of differences in flu incidence among different demographic groups. However, in a future study, individual or focus group interviews with different types of contributors (including dropouts) could shed light on what features of the GIS project make it so successful in attaining participants and in motivating participants to submit data every week.
Another implication is that the availability of information in newsletters, on the website, and the availability of the accumulated data online can help increase the learning impact of a CS project. The majority of GIS participants read news articles in the newsletter at least once a month. These news articles are written by professional science writers who have experience in popularizing scientific information for the general public. In fact, the entire GIS project was started as an activity to allow the public to get in touch with real science and be part of a scientific study about flu. Initially, the surveillance system for influenza-like-illness was of secondary importance. When learning about science is an important goal of a CS project, efforts should be made to provide participants with a variety of ways to learn about the project and the science behind it Evans et al., 2005] .
Finally, we propose that the collection of baseline data about participants' motivation and knowledge about the scientific topic as well as about the scientific process should be part of the design of any CS project. In order to further the field of research about the impact that CS can have on participants' motivation and knowledge, we need to be able to gather data longitudinally. Including a short questionnaire at the moment of registration may increase the possibility to measure impact of a CS project at a later moment [Druschke and Seltzer, 2012] .
Translating these implications into recommendations for similar CS efforts, we suggest that project organizers seek (social) media attention regularly, preferably linking their message to current events. It may help when this public communication is done by a (well-known) science communicator as the ambassador for the project. Current participants should be kept informed about the project on a regular basis as well, for example through newsletters. For both types of information it is important to emphasize how CS participants have contributed to the findings and the success of the project. It is smart to include professional science writers in the project team, who are able to communicate the science behind the project effectively to a general public. And finally, in order to advance the field of CS research, including the collection of baseline data should be included during registration. 
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